Critical infrastructure such as power and water delivery is growing rapidly in the developing world and there are developed assets that must be maintained in developed nations. One underground component that is difficult to inspect is water supply pipelines. Most of the water line accidents occur in buildings is due to pipeline damage. To minimize accidental loss, a risk assessment method is needed to continuously assess risk and report any abnormality for preventative maintenance. In this work, a blended hierarchical fuzzy logic model for water supply pipeline risk index assessment is proposed. Four important parameters are inputs to the proposed blended hierarchical fuzzy logic model. The blended hierarchical fuzzy logic model dramatically reduces the number of conditions in the rule base. Rule reduction is important because the transparency and interpretation are compromised by an overly large set. Further, it is challenging to accurately design a large number of rules because rule design requires expert knowledge and uncertainty in predictions can lead to unforeseen incidents. A blended hierarchical fuzzy model is designed with a structure that takes fewer rules as compared to conventional fuzzy logic. For the four parameters, the proposed model takes 85 rules and for the same four parameters, the conventional fuzzy logic approach requires 900 rules. In this paper, four parameters are considered because these are available measurements. The proposed reduction method is also applicable for systems with more parameters. The numbers of rules increase exponentially in the conventional fuzzy logic as new parameters enter into the system. The blended hierarchical fuzzy logic is deployed on a water distribution network to compute the risk index of supply pipelines. The results indicate improved performance of the blended hierarchical fuzzy logic. This approach is usable in practical applications where the calculated risk index values of the water supply pipeline are plotted on a geographic information system (GIS) map to provide a graphical interface for the caretaker. The risk index visualization is necessary to trace the risk index location and to take preemptive measures to avoid failures.
Introduction
The concept of risk was initially introduced in the field of economy at the end of the 19th century. Recently it has been commonly used in almost all fields, such as environmental science, natural disasters, society, and architectural engineering. Risk is the probability of failure and it is closely related to uncertainty. Nowadays, risk assessment is widely used for underground structures, including different underground facilities such as water supply pipelines, sewerage supply pipelines, and metro structures. Among these, the most important facility is underground water supply pipelines, which greatly contribute to underground risk and eventually risk to buildings. Water is an important that are integrated for groundwater vulnerability and risk mapping in Reference [5] . Christodoulou et al. in Reference [12] used GIS for risk-based management of water piping networks in combination with neuro-fuzzy systems. Fuzzy set theory and analytic hierarchy process (AHP) for water distribution were used to calculate the risk of water distribution service failure in Reference [13] . The outcome results were plotted on GIS, thus permitting one to trace the defective nodes across the network and providing an overview of the spatial and temporal distribution of the complete risk.
Previously, we developed an integrated hierarchical fuzzy logic model for underground risk index assessment with the same structure as a blended hierarchal fuzzy logic model [14] . The integrated hierarchical fuzzy logic model has eight input parameters, namely pipeline risk probability, pipeline risk severity, sewerage risk probability, sewerage risk severity, metro risk probability, metro risk severity, geo-environmental risk probability, and geo-environmental risk severity. The data that were used to compute the underground risk index values were simulated data generated through different exponential functions. Two rules designing methods, namely max-based and average-based methods, were used to design rules in the integrated hierarchical fuzzy logic model.
In this paper, we propose a model for underground risk index assessment and visualization. The objective of the proposed work is three-fold: (1) to design a fuzzy logic model with a special structure to reduce the dimensionality (number of rules) for the proposed system with four parameters; (2) to test the accuracy of the proposed model on real data; and (3) to provide a graphical user interface for the caretaker. In order to acquire the desired objectives, we designed a hierarchical fuzzy logic model that requires fewer rules as compared to the conventional fuzzy logic model on provided dataset parameters. The proposed model was applied to the real dataset provided by the Electronics and Telecommunications Research Institute (ETRI) organization, which was collected from 1989 to 2010 for water supply pipelines installed at various locations in Seoul, Republic of Korea. The blended hierarchical fuzzy logic model for water supply pipelines risk index assessment is coupled with a GIS in order to provide a graphical interface for the caretaker. The risk index visualization is necessary to trace the risk index location and to take preemptive measures to avoid failures.
Regarding the organization of this paper, the introduction is given first, the literature review is given in Section 2, and the proposed water supply risk index assessment and visualization model based on hierarchical fuzzy logic and a GIS map are discussed in detail in Section 3. The experimental results and discussion are given in Section 4 and the conclusion is given in Section 5.
Related Work
Many attempts have been reported in the literature regarding water supply risk assessment and many risk assessment methodologies have also been reported in different fields. The designing, construction and operation of water supply pipelines are in open environments; hence, water supply pipes are predictably exposed to many hazards. Some of risk assessment methodologies for water supply pipelines and some risk assessment methods in other fields are reported here in detail.
Li et al. [15] proposed an approach based on fuzzy similarity and triangle fuzzy number as well as the quantitative risk assessment based on the fuzzy comprehensive evaluation method for a long-distance water transmission pipeline (LDWTP) to recognize and avoid risk occurrence. This method was proposed in order to ensure the usual operation of water supply projects. Zhang et al. [16] proposed a method based on fuzzy compressive evaluation in order to assess the risk index to control unexpected accidents. The water hammer is calculated under several conditions, which is the most severe risk, in order to remove the risks of possible burst pipes.
Different authors have used different methods for water supply pipeline risk assessment. Shamir et al. [17] proposed a method based on regression analysis to develop an exponential model to assess the breakage rate of a pipe as a function of time. Walski et al. [18] improved the exponential model and added two factors explicitly; the ratio of break frequency with previous breaks to the entire break frequency for cast-iron and the ratio of break frequency for 500-mm diameter to the entire break frequency for pit cast pipes. Kettler et al. [19] found a way to calculate the correlation between annual break rate and pipe age based on a sample of pipes installed within a 10-year period. They proposed a linear association between pipes breaks and age. A method was proposed by Clarks et al. [20] to use a proportional hazard model to predict water main breaks by calculating the probability of the time duration between consecutive breaks.
Image processing is also a very important method, which used in almost all fields for different purposes. Kleta et al. [21] used an image processing tool to monitor the technical condition of underground infrastructure. Tough underground working circumstances make it very difficult to monitor the growth of damage. In many circumstances, it is very hard to directly access the surface of the lining. In order to tackle this, the image processing technique has been used, in which a video recording of the surface is carried out and analyses are made automatically in offline or online modes. Different possible methods and criteria have been discussed in detail in order to detect different damages of different sizes. Currently, the simple method to detect damage is color enhancement. Similarly, many other examples have been given for damage detection and analysis. Many researchers have utilized different image processing methods to monitor underground facilities, for example, structural health monitoring [22, 23] , monitoring of displacement [24] , and monitoring of cracks and underground structure [25, 26] .
Several risk assessments schemes have been developed in numerous fields. Road tunnel assessment is a problem of central interest and a lot of research work has been carried out on this topic. The road tunnels of urban areas are continuously full of traffic, therefore the monitoring of different operations of urban area road tunnels is quite a difficult task. A scheme called Quantity Risk Assessment (QRA) was developed for urban areas road tunnels risk assessment. For urban areas road risk assessment, six events have been used by QRA: flooding, collision, chain, tunnel collapse, spillage, and explosion [16, 27] . An improved version of QRA was suggested by Meng et al. in Reference [28] to measure the urban road tunnels risk due to the non-applicability of current QRA models in road tunnels. This new QRA model is based on a technique called the technical segmentation principle. In this method, the urban area road tunnel is segmented into several segments with the same characteristics. The calculation of each section is carried out and then from these partial risks the total risk is calculated. Duzgun et al. [29] suggested an approach that analyzes risk and makes the decision to assess and manage risk related to mine roof falls in underground coal mines. The probability, possible outcomes, and cost of outcomes have been used for the risk calculation. Nyvlt et al. [30] proposed a method to preserve the safety level for building and refurbishing cost minimization. Risk assessment can help decision-makers rank the existing risk to take appropriate action accordingly. Sari et al. [31] proposed a methodology for mine management to tackle uncertainty and avoid the occurrence of accidents in coal mines. Although by using this method the quantity of accidents has been reduced significantly, the exact risk calculation is still an issue of high concern for mine management. Many other assessment methods also exist, such as Monto Carlo simulation, event trees, fault trees, failure mode and effective analysis, fuzzy set, game theory, multi-criteria verbal analysis, and Grey Systems [32] .
The most-used and most efficient way to achieve risk assessment is through a fuzzy logic-based inference system. Many researchers have significantly developed fuzzy inference systems to tackle the problem of risk assessment in various fields. Blockley et al. [33] first used the concept of fuzzy logic in structural engineering. Cho et al. [34] proposed a risk assessment approach in order to deal with uncertainties using fuzzy logic concept. In their paper, they also presented a new type of membership function curve. Fujino et al. [35] presented the deployment of fuzzy fault tree analysis to some simple situations of construction side accidents in Japan. Wang et al. [36] suggested a methodology for bridge risk assessment and in their proposed method of an Adaptive Neuro-Fuzzy System (ANFIS). This scheme is very significant and can help the Highway Agency to handle risks in real time.
Christodoulou et al. [12] proposed a method based on the neuro-fuzzy decision-support system in order to perform multi-forced risk-of-failure analysis and to manage assets allied to water supply networks. The two datasets that were used in this study were taken from New York City, USA and from the city of Limassol, Cyprus. Analytical and numerical techniques and artificial methods such as Artificial Neural Network (ANN) and fuzzy inference system were applied to the data. The aim of developing this methodology was to assess the water main breaks in the urban water distribution network. Christodoulou et al. [37] presented numerical results of degradation modeling for water supply systems in urban areas. The data that was used in this work was collected from New York City, and parametric and non-parametric statistical methods were deployed on the collected data. ANN was also used to identify the primary risk factors and their correlation to the water core breaks. Many factors such as pipeline age, width, material, site, previous damages, etc., were considered herein for risk assessment. The key goal of the research work was to develop a framework of risk assessment models for the degradation of water distribution systems. Further, it was combined with GIS to assist the caretaker in the maintenance of large water distribution networks in urban areas. Christodoulou et al. [4] proposed an optimistic risk-based integrity-monitoring approach in order to manage the water distribution networks. Their suggested framework is a blend of ANN, parametric, and nonparametric survival analyses, and it is deployed in order to estimate the time-to-failure for pipe networks.
Proposed Model for Water Supply Pipeline Risk Index Assessment and Visualization
Many authors applied fuzzy logic for risk assessment in different fields, but the central problem with simple fuzzy logic is the curse of dimensionality. The main challenging task while designing hierarchical fuzzy logic is to design a full structure fuzzy logic with minimum rules. Water supply pipeline risk assessment is a challenging task because numerous factors are involved in assessing the water supply pipeline risk. For accurate risk assessment, many parameters are normally considered. As new parameters enter into the system, rules in the rule base also increase exponentially in conventional fuzzy logic. It is very necessary to tackle the curse of dimensionality because it is tedious to design hundreds or thousands of rules precisely. Rule designing requires extensive concentration and any incorrect rule may lead to unforeseen results. Hence, it is necessary to design a fuzzy logic-based model with a minimum number of rules. In this study, we designed a fuzzy logic model for water supply pipeline risk assessment based on hierarchical fuzzy logic with a special structure, named the blended hierarchical fuzzy logic model. In this study, we applied the blended hierarchical fuzzy logic to real data in order to test its accuracy. Further, the blended hierarchical fuzzy logic is combined with GIS in order to visualize the risk index calculated through the blended hierarchical fuzzy logic model. The key purpose of using GIS in the proposed method is to provide a graphical interface for the caretaker. The risk index visualization is necessary to trace the risk index location and to obtain quick measurements before any accident. Figure 1 shows the proposed model for water supply pipelines risk index assessment and visualization. The proposed model is mainly comprised of two sub-modules, namely the blended hierarchical fuzzy logic module and the water supply risk index visualization module. The blended hierarchical fuzzy logic module further consists of three layers, namely the input layer, partial layer, and blended layer. The input layer consists of four parameters, namely the leakage, length, depth, and age of water supply pipeline. Further, these parameters are used as inputs to the partial layer; the partial layer consists of two modules, namely partial 1 fuzzy inference system (P 1 _FIS) and partial 2 fuzzy inference system (P 2 _FIS). The parameters depth and length are used as inputs to partial 1 FIS and the age and leakage parameters are used as inputs to partial 2 FIS. These two modules return partial risk index values for the water supply pipeline. Further, these partial risk values are provided to blended layers as inputs. The third layer of the proposed blended hierarchical fuzzy model is the blended layer that consists of a single module named the blended fuzzy inference system (B_FIS). The blended FIS receives the outputs of P 1_ FIS and P 2_ FIS as inputs. The B_FIS returns the overall risk index for the water supply pipeline. The conventional FIS for four input parameters is given in Figure 2 . The second module of the proposed model is the visualization, in which the water supply pipeline risk index is visualized using the GIS map. Input values to the visualization module are the water supply pipeline risk index values computed by the blended hierarchical fuzzy logic model and those risk index values are plotted on the GIS map to indicate different risk index levels.
In 1965, Zadeh introduced the idea of fuzzy set theory; this theory now has many applications in different fields, such as engineering sciences, medical sciences, and computer sciences [38] . In this study, we used a Mamdani fuzzy inference system (FIS) in each module of the proposed blended hierarchical fuzzy logic model. The main advantage of Mamdani FIS is simplicity. The rule designing of Mamdani FIS is more simple and efficient compared to the Takagi-Sugeno-Kang fuzzy inference system. The main components of Mamdani FIS are the fuzzifier, knowledge base, inference engine, and defuzzifier. The fuzzifier uses membership functions (MFs) to generate fuzzy values from input values. Then the rules are evaluated in the knowledge base and the maximum aggregation of each consequent membership function values is calculated. The defuzzifier takes fuzzy values as input and generates the crisp values as output [11] . Membership functions play a key role in fuzzy logic construction and operations. Mamdani's minimum operator method was used for inference and this was defuzzified to a crisp control signal using the center-of-gravity method. The structure diagram of the Mamdani FIS used in this study for each fuzzy inference system is shown in Figure 3 . The second module of the proposed model is the visualization, in which the water supply pipeline risk index is visualized using the GIS map. Input values to the visualization module are the water supply pipeline risk index values computed by the blended hierarchical fuzzy logic model and those risk index values are plotted on the GIS map to indicate different risk index levels.
In 1965, Zadeh introduced the idea of fuzzy set theory; this theory now has many applications in different fields, such as engineering sciences, medical sciences, and computer sciences [38] . In this study, we used a Mamdani fuzzy inference system (FIS) in each module of the proposed blended hierarchical fuzzy logic model. The main advantage of Mamdani FIS is simplicity. The rule designing of Mamdani FIS is more simple and efficient compared to the Takagi-Sugeno-Kang fuzzy inference system. The main components of Mamdani FIS are the fuzzifier, knowledge base, inference engine, and defuzzifier. The fuzzifier uses membership functions (MFs) to generate fuzzy values from input values. Then the rules are evaluated in the knowledge base and the maximum aggregation of each consequent membership function values is calculated. The defuzzifier takes fuzzy values as input and generates the crisp values as output [11] . Membership functions play a key role in fuzzy logic construction and operations. Mamdani's minimum operator method was used for inference and this was defuzzified to a crisp control signal using the center-of-gravity method. The structure diagram of the Mamdani FIS used in this study for each fuzzy inference system is shown in Figure 3 . In the literature, there are many types of membership functions (Gaussian, bell-shaped, sigmoid, etc.) that can be used in the Mamdani FIS for fuzzification and defuzzification. The triangle membership functions are more effective and most commonly used in the Mamdani fuzzy inference system [14, 39] . In this study, we defined triangular membership functions for each input/output variable in each FIS due to their computational simplicity. As shown in Figure 4 , the triangular MF needs only three parameters (a, m, b) to be defined. The parameters a, b, and m respectively represent the lower limit, an upper limit, and a value, where a < m < b. Also, x represents the actual value. In the literature, there are many types of membership functions (Gaussian, bell-shaped, sigmoid, etc.) that can be used in the Mamdani FIS for fuzzification and defuzzification. The triangle membership functions are more effective and most commonly used in the Mamdani fuzzy inference system [14, 39] . In this study, we defined triangular membership functions for each input/output variable in each FIS due to their computational simplicity. As shown in Figure 4 , the triangular MF needs only three parameters (a, m, b) to be defined. The parameters a, b, and m respectively represent the lower limit, an upper limit, and a value, where a < m < b. Also, x represents the actual value. In the literature, there are many types of membership functions (Gaussian, bell-shaped, sigmoid, etc.) that can be used in the Mamdani FIS for fuzzification and defuzzification. The triangle membership functions are more effective and most commonly used in the Mamdani fuzzy inference system [14, 39] . In this study, we defined triangular membership functions for each input/output variable in each FIS due to their computational simplicity. As shown in Figure 4 , the triangular MF needs only three parameters (a, m, b) to be defined. The parameters a, b, and m respectively represent the lower limit, an upper limit, and a value, where a < m < b. Also, x represents the actual value. In our proposed blended hierarchical fuzzy logic model, we used three main modules and each module contains a fuzzy logic. Each fuzzy logic has two input variables and one output variable. We defined a different number of membership functions for each variable depending on the data variation. More membership functions were defined for the data with more variations. In order to find the variation of data, we can inspect the data visually or we can find the standard deviation. We defined more membership functions for more variant data in order to better represent the data. The variation can be found by the visual method, but in the proposed work we calculated the standard deviation in order to find the variation in each parameter. The threshold was then set according to the standard deviation value and the distribution and number of membership function were carried out according to threshold values. For rule designing, we obtained some help from experts working on this project as well as from the tendency of the data. Figure 6 shows the number of membership functions assigned to each variable and the linguistic terms defined for each membership function of each variable in FIS used in the proposed model. In proposed model we used three fuzzy logics, namely, P1_FIS, P2_FIS, and the blended fuzzy inference system (B_FIS). The P1_FIS has two inputs, namely depth and length. The fuzzy sets of depth are defined as Near to Surface (NS), Low Depth (LD), Near Normal (NN), Normal (N), Deeper (D), and Very Deeper (VD). Similarly, five fuzzy sets are defined for the input variable length: Very Short (VS), Short (S), Normal (N), Lengthy (L), and Very Lengthy (VL). The partial 2 layer also has two inputs, namely leakage and age. Six fuzzy sets are defined for input variable leakage: No Leakage (NL), Very Low (VL), Low (L), Medium (M), High (H), and Very High (VH). Similarly, five fuzzy sets are defined for age: Very Old (VO), Old (O), Normal Age (NA), New (N), and Brand New (BN). The P1_FIS logic has one output variable, the partial 1 water supply pipeline risk index. Similarly the P2_FIS logic also has one output variable, the partial 2 water supply pipeline risk index. For both variables, five fuzzy sets are defined as follows: Very Low (VL), Low (L), Medium (M), High (H), and Very High (VH). The partial 1 and partial 2 water supply pipeline risk variables are further inputs to the blended fuzzy inference system. B_FIS has one output variable, the water supply pipeline risk index. The output of the blended fuzzy inference system is the final risk index value of the blended hierarchical fuzzy logic model. The risk index values are further visualized on the GIS map in order to enable the caretaker to take measures before the occurrence of any abnormality. In our proposed blended hierarchical fuzzy logic model, we used three main modules and each module contains a fuzzy logic. Each fuzzy logic has two input variables and one output variable. We defined a different number of membership functions for each variable depending on the data variation. More membership functions were defined for the data with more variations. In order to find the variation of data, we can inspect the data visually or we can find the standard deviation. We defined more membership functions for more variant data in order to better represent the data. The variation can be found by the visual method, but in the proposed work we calculated the standard deviation in order to find the variation in each parameter. The threshold was then set according to the standard deviation value and the distribution and number of membership function were carried out according to threshold values. For rule designing, we obtained some help from experts working on this project as well as from the tendency of the data. Figure 6 shows the number of membership functions assigned to each variable and the linguistic terms defined for each membership function of each variable in FIS used in the proposed model. In proposed model we used three fuzzy logics, namely, P 1 _FIS, P 2 _FIS, and the blended fuzzy inference system (B_FIS). The P 1 _FIS has two inputs, The number of rules in a fuzzy inference system depends on the number of input/output variables and the number of membership functions. To define all possible rules in the proposed blended hierarchical fuzzy logic and conventional fuzzy logic, Equations (1) and (2) are used, respectively:
where h represents the number of levels of modules, represents the input variable and i = 1, 2, 3, 4…. N represents fuzzy sets defined for input variable A. Similarly is the second input variable and j = 1, 2, 3….M represents fuzzy sets defined for B.
represents the fuzzy logics in each level. P1_FIS has two inputs, namely depth(X1) and length(X2). The structure diagram of P1_FIS is shown in Figure 7 . For each input variable, a different number of membership functions are defined depending on the data variation. According to the number of input and output fuzzy sets, a different number of rules are defined for each fuzzy logic in the proposed model. We defined six fuzzy sets for depth and five for length. Hence, according to Equation (2), the number of rules for P1_FIS can be defined by putting n = 6 and m = 5, so R = 6 × 5 = 30. The rules designing P1_FIS logic were carried out as shown in Table 1 . The number of rules in a fuzzy inference system depends on the number of input/output variables and the number of membership functions. To define all possible rules in the proposed blended hierarchical fuzzy logic and conventional fuzzy logic, Equations (1) and (2) are used, respectively:
where h represents the number of levels of modules, A i represents the input variable and i = 1, 2, 3, 4 . . . . N represents fuzzy sets defined for input variable A. Similarly B j is the second input variable and j = 1, 2, 3 . . . .M represents fuzzy sets defined for B. F l represents the fuzzy logics in each level. P 1 _FIS has two inputs, namely depth(X 1 ) and length(X 2 ). The structure diagram of P 1 _FIS is shown in Figure 7 . For each input variable, a different number of membership functions are defined depending on the data variation. According to the number of input and output fuzzy sets, a different number of rules are defined for each fuzzy logic in the proposed model. We defined six fuzzy sets for depth and five for length. Hence, according to Equation (2), the number of rules for P 1 _FIS can be defined by putting n = 6 and m = 5, so R = 6 × 5 = 30. The rules designing P 1 _FIS logic were carried out as shown in Table 1 . Similarly, P2_FIS has also two fuzzy logics, namely leakage (X3) and age (X4), as well as one output variable, P2_RI. The structure diagram for P2_FIS is shown in Figure 8 . For input variables leakage and age, six and five fuzzy sets were defined, respectively. Hence, like P2_FIS, the same 30 fuzzy sets are also defined for P2_FIS. The rules designing P2_FIS were carried out as shown in Table  2 . Similarly, P 2 _FIS has also two fuzzy logics, namely leakage (X 3 ) and age (X 4 ), as well as one output variable, P 2 _RI. The structure diagram for P 2 _FIS is shown in Figure 8 . For input variables leakage and age, six and five fuzzy sets were defined, respectively. Hence, like P 2 _FIS, the same 30 fuzzy sets are also defined for P 2 _FIS. The rules designing P 2 _FIS were carried out as shown in Table 2 . Similarly, P2_FIS has also two fuzzy logics, namely leakage (X3) and age (X4), as well as one output variable, P2_RI. The structure diagram for P2_FIS is shown in Figure 8 . For input variables leakage and age, six and five fuzzy sets were defined, respectively. Hence, like P2_FIS, the same 30 fuzzy sets are also defined for P2_FIS. The rules designing P2_FIS were carried out as shown in Table  2 . The structure diagram for blended FIS is shown in Figure 9 ; the inputs of the blended fuzzy logic are the outputs of P 1 _FIS and P 2 _FIS, and the output is the final risk index values for the water supply pipelines. We defined five fuzzy sets for each input variable and five fuzzy sets for the output variable. The number of rules for blended FIS were determined by putting m = 5 and n = 5 in Equation (2); hence, R = 5 × 5 =25. The rule designing for blended fuzzy logic is illustrated in Table 3 . The structure diagram for blended FIS is shown in Figure 9 ; the inputs of the blended fuzzy logic are the outputs of P1_FIS and P2_FIS, and the output is the final risk index values for the water supply pipelines. We defined five fuzzy sets for each input variable and five fuzzy sets for the output variable. The number of rules for blended FIS were determined by putting m = 5 and n = 5 in Equation (2); hence, R = 5 × 5 =25. The rule designing for blended fuzzy logic is illustrated in Table 3 .
VL L M H Fuzzification
Inference Defuzzification In order to measure the performance of the approximation ratio, the root mean square error (RMSE) was used. Equation (3) can be used to measure the performance of the approximation ratio. The mathematical representation of the RMSE is represented by Equation (3).
where n represents the total number of observations, A represents actual risk index value, and E represents the estimated risk index value computed by the blended hierarchical fuzzy logic.
In the proposed work, we also completed the risk index visualization using a GIS map. First leakage, depth, length and age parameters are given as inputs to the proposed model. The blended hierarchical fuzzy logic model calculates the risk index values based on these four input parameters and the risk index values are then visualized on the GIS map. The caretakers can take measures accordingly in order to prevent any abnormality before it occurs. In order to measure the performance of the approximation ratio, the root mean square error (RMSE) was used. Equation (3) can be used to measure the performance of the approximation ratio. The mathematical representation of the RMSE is represented by Equation (3).
Experimental Results and Discussion
In the proposed work, we also completed the risk index visualization using a GIS map. First leakage, depth, length and age parameters are given as inputs to the proposed model. The blended hierarchical fuzzy logic model calculates the risk index values based on these four input parameters and the risk index values are then visualized on the GIS map. The caretakers can take measures accordingly in order to prevent any abnormality before it occurs.

Experimental Setup
The implementation of the blended hierarchical fuzzy logic model was carried out in Matlab version 7.10.0.499 installed on an Intel (R) core (TM) i5-3570 CPU@3.40 GHz computer system. A web-based application of the risk index visualization was developed. The technology stack used to develop this application included: Microsoft Visual Studio Enterprise 2015 as an IDE, .Net framework 4.5.2 and C# as a core programming language, and GMap.Net library for the visualization of the risk locations (or for visualizing the risk loca.). GMap.Net is a powerful, open-source, and cross-platform library which enables easy routing, geocoding, and directions on GIS maps. Another .Net drawing library was utilized to provide access to the graphic device interface (GDI) and basic graphics functionality to improve the overall visual interfaces.
Every input/output parameter was rated according to the provided data and a different number and a different scale of membership functions were defined for each parameter in the proposed blended hierarchical fuzzy logic model. Figure 10 
Every input/output parameter was rated according to the provided data and a different number and a different scale of membership functions were defined for each parameter in the proposed blended hierarchical fuzzy logic model. Figure 10 The rule viewer is shown in Figure 11 , where some sample rules are designed for P1_FIS. The rule viewer shows a roadmap of the whole fuzzy inference process of P1_FIS. The three plots across The rule viewer is shown in Figure 11 , where some sample rules are designed for P 1 _FIS. The rule viewer shows a roadmap of the whole fuzzy inference process of P 1 _FIS. The three plots across the top of the figure represent the antecedent and consequent of the first rule. This P 1 _FIS returns fractional risk index values for the water supply pipeline. The input/output triangular membership functions are illustrated in Figure 12 for P 2 _FIS. The linguistic terms assigned to the membership functions of input variable leakage were NL, VL, L, M, H and VH; the linguistic terms for age input variable membership functions were VO, O, NA, N and BN. The linguistic terms for output variable P 2 _RI were VL, L, M, H and VH. The graphical representation of rules using the above membership functions is shown in Figure  13 . Some sample rules are given in order to show the overall inference process of P2_FIS. Figure 14 shows the triangular membership functions for the blended FIS. The same number of membership functions with the same labels were considered for input variables P1_RI and P2_RI as defined in P1_FIS and P2_FIS. The linguistic terms assigned to the membership functions for output variable WSP_RI were EVL, VL, L, M, H, VH and EVH. The rule viewer for some sample rules is shown in Figure 15 . The graphical representation of rules using the above membership functions is shown in Figure 13 . Some sample rules are given in order to show the overall inference process of P 2 _FIS. The graphical representation of rules using the above membership functions is shown in Figure  13 . Some sample rules are given in order to show the overall inference process of P2_FIS. Figure 14 shows the triangular membership functions for the blended FIS. The same number of membership functions with the same labels were considered for input variables P1_RI and P2_RI as defined in P1_FIS and P2_FIS. The linguistic terms assigned to the membership functions for output variable WSP_RI were EVL, VL, L, M, H, VH and EVH. The rule viewer for some sample rules is shown in Figure 15 . Figure 14 shows the triangular membership functions for the blended FIS. The same number of membership functions with the same labels were considered for input variables P 1 _RI and P 2 _RI as defined in P 1 _FIS and P 2 _FIS. The linguistic terms assigned to the membership functions for output variable WSP_RI were EVL, VL, L, M, H, VH and EVH. The rule viewer for some sample rules is shown in Figure 15 . The graphical representation of rules using the above membership functions is shown in Figure  13 . Some sample rules are given in order to show the overall inference process of P2_FIS. Figure 14 shows the triangular membership functions for the blended FIS. The same number of membership functions with the same labels were considered for input variables P1_RI and P2_RI as defined in P1_FIS and P2_FIS. The linguistic terms assigned to the membership functions for output variable WSP_RI were EVL, VL, L, M, H, VH and EVH. The rule viewer for some sample rules is shown in Figure 15 . 
Results
The dataset that was used in this work is real dataset provided by the Electronics and Telecommunications Research Institute (ETRI) organization working on the underground project. The data were collected from 1989 to 2010 for water supply pipelines installed at various locations in Seoul, Republic of Korea. The input data consists of four parameters, namely leakage, age, depth, and length. In this paper, we had access to data of the four mentioned parameters; hence, we used these four parameters for our experiments. Figure 16 shows the graphical representation of the input data in order to better elucidate it. 
The dataset that was used in this work is real dataset provided by the Electronics and Telecommunications Research Institute (ETRI) organization working on the underground project. The data were collected from 1989 to 2010 for water supply pipelines installed at various locations in Seoul, Republic of Korea. The input data consists of four parameters, namely leakage, age, depth, and length. In this paper, we had access to data of the four mentioned parameters; hence, we used these four parameters for our experiments. Figure 16 shows the graphical representation of the input data in order to better elucidate it. Figure 17 shows the actual risk index and the blended risk index values at different locations of water supply pipelines. The accuracy of the results using the fuzzy inference system rely on the accuracy of rules; more accurate rules mean more accurate results. As the proposed blended hierarchical fuzzy model makes the construction of rules in the rule base very simple, the rule manager can easily construct the rules with better preciseness in the rule base, which ultimately contributes to the accuracy of the system. The performance evaluation of the blended hierarchical fuzzy logic model was carried out using RMSE to measure how the computed risk index values compared to the actual risk index values. The value of RMSE was 1.3154, which indicates that the performance of the blended hierarchical fuzzy logic model is appropriate and suitable to be used in any practical application. Figure 17 shows the actual risk index and the blended risk index values at different locations of water supply pipelines. The accuracy of the results using the fuzzy inference system rely on the accuracy of rules; more accurate rules mean more accurate results. As the proposed blended hierarchical fuzzy model makes the construction of rules in the rule base very simple, the rule manager can easily construct the rules with better preciseness in the rule base, which ultimately contributes to the accuracy of the system. The performance evaluation of the blended hierarchical fuzzy logic model was carried out using RMSE to measure how the computed risk index values compared to the actual risk index values. The value of RMSE was 1.3154, which indicates that the performance of the blended hierarchical fuzzy logic model is appropriate and suitable to be used in any practical application. Figure 17 shows the actual risk index and the blended risk index values at different locations of water supply pipelines. The accuracy of the results using the fuzzy inference system rely on the accuracy of rules; more accurate rules mean more accurate results. As the proposed blended hierarchical fuzzy model makes the construction of rules in the rule base very simple, the rule manager can easily construct the rules with better preciseness in the rule base, which ultimately contributes to the accuracy of the system. The performance evaluation of the blended hierarchical fuzzy logic model was carried out using RMSE to measure how the computed risk index values compared to the actual risk index values. The value of RMSE was 1.3154, which indicates that the performance of the blended hierarchical fuzzy logic model is appropriate and suitable to be used in any practical application. Figure 18 shows the visualization of the water supply risk index values. First, the risk index values were computed using blended hierarchical fuzzy logic model and then the computed risk index values for water supply pipelines were plotted on a GIS map in order to help the caretaker to trace the defective points in the water supply pipeline. The latitude and longitude of the location, where water supply pipelines risk index values are needed for calculations, are provided (the latitude values are not real). Next, the location where pipelines are installed was searched and the values of the parameters depth, leakage, age, and length were loaded by clicking on the load button. Then, the risk index of the water supply pipeline of the given location was computed by clicking on the compute risk button. Finally, the risk index values were shown on GIS map in the form of a marker. We used different marker colors to represent different risk index levels. Specifically, red, blue, green, orange, purple, pink, and light blue markers represent the extremely very high risk, very high risk, high risk, medium risk, low risk, very low risk, and extremely very low risk, respectively. index values for water supply pipelines were plotted on a GIS map in order to help the caretaker to trace the defective points in the water supply pipeline. The latitude and longitude of the location, where water supply pipelines risk index values are needed for calculations, are provided (the latitude values are not real). Next, the location where pipelines are installed was searched and the values of the parameters depth, leakage, age, and length were loaded by clicking on the load button. Then, the risk index of the water supply pipeline of the given location was computed by clicking on the compute risk button. Finally, the risk index values were shown on GIS map in the form of a marker. We used different marker colors to represent different risk index levels. Specifically, red, blue, green, orange, purple, pink, and light blue markers represent the extremely very high risk, very high risk, high risk, medium risk, low risk, very low risk, and extremely very low risk, respectively. 
Discussion
In order to assess the risk index of the water supply pipeline, several parameters were taken into account because water supply pipeline risk assessment is very complex. In this study, four parameters were considered for the water supply pipeline risk assessment. It is expected that new parameters will also be taken into account in the near future. In this situation, the conventional fuzzy logic is not a wise choice to assess the water supply pipeline risk index. A system that has the capacity to deal with the curse of dimensionality is required when assessing the water supply pipeline risk index. It is quite challenging to design a fuzzy logic with a distinct structure for four parameters in order to reduce the curse of dimensionality.
The purpose of the proposed blended hierarchical fuzzy model was to reduce the number of rules in the rule base. The proposed model has three main modules with sub-fuzzy logics. Using Equation ( In contrast to conventional fuzzy logic, the proposed blended hierarchical model takes fewer rules to compute the risk index. As it is expected that new parameters will be added to the system in 
The purpose of the proposed blended hierarchical fuzzy model was to reduce the number of rules in the rule base. The proposed model has three main modules with sub-fuzzy logics. Using Equation (1), the possible number of rules can be defined for our proposed blended hierarchical fuzzy logic model, such as:
Similarly, Equation (2) can be used to define all possible rules in conventional fuzzy logic as below.
In contrast to conventional fuzzy logic, the proposed blended hierarchical model takes fewer rules to compute the risk index. As it is expected that new parameters will be added to the system in the future, such a fuzzy inference system is required to reduce the number of rules in the rule base. For a fuzzy inference system with m input variables, the partition of each input variable is carried out into n fuzzy sets. Then, it can be observed that to build a complete fuzzy system, n m rules (if an identical number of membership functions have been defined for each input variable) are required. If input variables reaches seven and for each variable five fuzzy sets are defined, the total number of rules that would be required to design a complete system would be 5 7 = 78,125. The designing of these huge numbers of rules is almost impossible for an expert. If we use the proposed blended hierarchical system, the number of rules would be n 2 × m = 5 2 × 7 = 175, which is an extremely lower number of rules compared to that required for conventional fuzzy logic. It is also necessary to define more fuzzy sets for a variable in order to completely represent the data, but defining more fuzzy sets also increases the number of rules. For example, if eight fuzzy sets are defined for seven input variables, then the number of rules would be 8 7 = 2,097,152 in the case of conventional fuzzy logic. For the same number of input variables and the same number of fuzzy sets for each input variable, the number of rules would be 8 2 × 7 = 448 in the blended hierarchical fuzzy logic. Rule reduction is enormously significant because the transparency and interpretation are damaged by the curse of dimensionality and it is very tough to design a large number of significant rules. Rule designing requires more concentration, while in the case of fewer rules an expert can concentrate in a more efficient and productive way while designing rules for a system. However, it is extremely difficult to design thousands of rules with appropriate concentration. Accurate rule designing is very important because any error in the rules may lead to an unfortunate situation. The proposed model has a direct impact on accuracy as well as on computation time. The RMSE values to measure the accuracy indicate that the proposed blended hierarchical fuzzy logic provides better results.
The mathematical formulation also increases as the number of parameters increase in each module of fuzzy logic, such as in the fuzzification module, defuzzification module, and knowledge base module. It is very difficult to deal with these mathematical formulas with accuracy, i.e., Equation (4) 
where R J represents the jth rule and A j i (j = 1, 2, . . . N, i = 1, 2, . . . ..n), B j = fuzzy subsets of the inputs and outputs respectively. If we use the conventional fuzzy logic with four input parameters, a rule could be designed as below using Equation (5) . R = x 1 is NS and x 2 is VS and x 3 is NL and x 4 is BN then WSPR is L
This is a sample of a rule in rule base. However, in reality, many operations are required as new parameters enter into the system. The proposed blended hierarchical fuzzy logic system also reduces the mathematical formulas in each module of fuzzy logic.
The blended hierarchical fuzzy logic system not only reduces the number of rules in the rule base, but also renders the designing of rules simpler and easier. In conventional fuzzy logic, the rules designer normally has to take into account many variables while making rules, but the proposed blended model reduces the number of variables in each module, hence it is easy for the designer to design rules.
Risk index visualization was also carried out in the proposed model. The risk index visualization assists the caretakers to take measures before any loss. The GIS provides a graphical interface for the caretakers and from the interface the caretakers can assess the severity of the risk index on a particular point. We visualized the results on Google Maps for numerous reasons; first, Google Maps allows non-technical users to understand the risk points in designated areas by just looking at the map and it does not require a deeper look into the technical factors. Second, without visualization, the alternate way would be to give the risk location in the form of json arrays or an xml feed. These formats would also serve the purpose but the level of clarity would be reduced as compared to the visual interfaces we developed using Google Maps.
Conclusions and Future Work
In this paper, a model based on hierarchical fuzzy logic and a GIS map for water supply risk index assessment and visualization was proposed. The proposed model consists two modules, namely the blended hierarchical fuzzy logic module and the risk index visualization module. The blended hierarchical fuzzy logic model is used to reduce dimensionality as new variables enter into the system. The central benefit of the proposed model is its simplicity in the structure of the hierarchical fuzzy logic model as opposed to that of conventional fuzzy logic. The blended hierarchical fuzzy logic model also has the feature that the numbers of rules in the rule base do not increase exponentially as new parameters are entered into the system. The designing of rules in the rule base is also very simple, because few parameters are taken into account in each module of the proposed model while designing rules. In conventional fuzzy logic, all of the parameters are considered at one time while designing rules, which ultimately increases the complexity for the rules designer and increases the probability of errors while making rules. The proposed method was deployed on real data to calculate the water supply pipelines risk index and the RMSE value indicated that the blended hierarchical fuzzy logic model performs better and is suitable for practical applications. The second module of the proposed model is the visualization module, in which the risk index values calculated through the blended hierarchical fuzzy logic model are mapped on a GIS map in order to provide a graphical interface for the caretaker to find problematic locations. Different markers were used on the GIS map to indicate different risk index levels; hence, measurement can be taken accordingly to prevent any accidental loss.
In this work, we considered only the triangle membership functions. In future types of risk assessment, different distributions of membership functions would be investigated in order to improve accuracy. In the future, we would also include more parameters for the water supply pipeline risk index assessment.
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